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ABSTRACT

In this paper, we present a novel method for detecting anomalies

from surveillance videos, which utilizes the random projection for-

est for evaluating the rarity of visual clues in a video frame. Given

the hierarchical clustering of the data in a random projection tree

and the aggregation process in the random forest, we achieve both

efficient estimation of incoming samples and improved robustness

against under-fitting and over-fitting under improperly selected mod-

els. Random forest is also online updatable, which is meaningful

for future online anomaly detection. We designed the splitting rule

for anomaly detection, the system framework and the criterion of

anomaly determination. The efficiency of the proposed methods has

been validated by experiments on public UCSD datasets and com-

pared with previously reported results.

Index Terms— Anomaly Detection, Random Forest, Intelligent

Video Surveillance
1. INTRODUCTION

Anomaly detection is a key technology in intelligent video surveil-

lance, which not only alleviates the working burden of human sys-

tem operators, but also helps to rapidly discover and respond to un-

expected dangerous activities. Improvements of anomaly detection

methods can be mainly considered from feature extraction, corre-

lation pattern and detection algorithm. Various features have been

considered for anomaly detection from foreground masks, textures

[1], motions [2] to higher level trajectories of objects [3]. Although

proper selection of features is essential in improving the system per-

formance, it is usually very sensitive to the dataset tested, and should

be determined specifically for each individual scenario. Instead of

standalone features, correlation pattern describes the spatial, tempo-

ral and/or dynamical relationship among multiple feature points, and

can be interpreted as the co-occurrence [4], spatial-temporal depen-

dency [5], ensembles of features [6], etc. Complicated correlation

patterns are applicable to strictly controlled scenarios, e.g. traffic

flows [7], but could reduce the detection resolution/accuracy by con-

sidering a larger contextual neighbourhood.

In the present paper, we mainly focus on the detection algorithm

while heuristically determine the feature and correlation model for

the tested benchmarking datasets. Compared to conventional binary

classification tasks, anomaly detection is different in the sense that

1) usually only labelled samples from one class (i.e. normal activi-

ties) are available for training, and 2) the statistical distributions of

normal and abnormal activities are quite imbalanced, where density

estimation based outlier detection provides an efficient way for iden-

tifying anomalies from normal activities.

Without an explicitly pre-defined list of target anomalies, we

mainly rely on the rarity of an unusual activity to define its abnormal
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degree, naturally evaluated by density estimation. Model-based den-

sity estimation, e.g. Gaussian Mixture Model, requires a selection

of proper models to avoid under-fitting and over-fitting. Without the

need to presume the underlying model, kernel based density estima-

tion not only depends on the kernel function, but is also computation-

ally expensive because all data are required in density evaluation.

Although random forests are usually used in supervised clas-

sification, they are also extended to density estimation [8]. There

are several motivations that drive us to utilize random forest for

anomaly detection: 1) By hierarchically clustering and organizing

the data into a tree structure, random forest enables rapid localiza-

tion of the relevant neighbourhood in the feature space for an in-

coming sample and thus improves the computational efficiency; 2)

Over-clustering in each individual tree thoroughly checks a sample

in various directions, while random projection and aggregation over

multiple trees help improve the robustness against possible under-

fitting/over-fitting under improper model selection; 3) Random pro-

jection tree performs an exploratory data analysis by iteratively mea-

suring the rarity of a sample in various projection directions, which

enables us to focus on certain aspects to better highlight the anoma-

lies; 4) This exploratory process is also useful in providing inter-

pretable decision rules for anomalies; 5) Random forest has enough

flexibilities in model adaptation by both node-level and tree-level ad-

justments, which is essential for practical deployment of an anomaly

detector in a real-life scenario with various unexpectable anomalies.

Instead of density estimation, isolation forest in [9] defines the

anomalies as the easiest to be isolated, and evaluates the anomalous

level by the average distance between the leaf node of a sample to

its root node. Although it is an interesting idea to model anomalies

instead of modelling normal samples, we still prefer to model the

majority as the direct approach to understand the data, especially

when only normal samples are available for training.

Besides the above consideration, the main contributions in our

method includes: We proposed an anomaly detector based on ran-

dom projection forests by designing the whole framework along with

a revised splitting rule to [10] to maximize the marginal space for

outliers; We borrowed the idea of projection pursuit and defined a

density function for our random projection forest to highlight the

projection directions with lower densities; We further proposed to

use the geometrical mean in the result aggregation process of random

forest to highlight the low density trees when determining anomalies.

We explain the proposed method in details in Section 2, and then

provide experimental results in Section 3. Section 4 concludes the

paper with comments on our future work.

2. ANOMALY DETECTION BY USING RANDOM

PROJECTION FOREST

As a general practice in video surveillance, it is usually safe to as-

sume that only moving parts are relevant to anomalies of interest.

We thus consider anomaly detection from extracted foregrounds. At
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Fig. 1. The workflow of anomaly detection with random projection

forest.

each position of a dense sampling grid over the video frame, a fea-

ture vector is extracted which includes visual clues of the underlying

patch. The extracted feature vectors are then evaluated by random

projection forest, among which those with high rarity values are clas-

sified as anomalies. The overall framework is summarized in Fig.1.

2.1. Random Projection Forest

A decision tree performs hierarchical clustering, and iteratively

decouples the components in a complicated distribution. This is

achieved by splitting the data reaching at each non-leaf node into

two clusters, represented by its left and right child nodes. In random

projection tree, one sample xi from a dataset S are projected into an

optimal direction w selected from a pre-specified random set. It is

then split by a threshold θ into one of two subsets, denoted by S
L

and S
R, respectively. The Kullback-Leibler divergence evaluates the

fitting quality of the empirical density of projected data p(wT
xi)

with a predefined model of data q(wT
xi) , i.e.,

KL(p, q|S,w) =
∑

xi∈S

p(wT
xi) log

p(wT
xi)

q(wTxi)
. (1)

We expect the model after splitting to better fit the data than that

before splitting. Hence, we maximize this difference to determine

the optimal direction and threshold of node splitting

(w∗
, θ

∗) = argmax
w,θ

D, (2)

D = KL(p, q|S,w)−KL(p, qLR
θ |S,w), (3)

where qLR
θ (wT

xi) is a two-component model for the two-clusters

after splitting, i.e.,

q
LR
θ (wT

xi) =

{

qLθ (w
T
xi), xi ∈ S

L

qRθ (wT
xi), xi ∈ S

R (4)

When the projected data have more than two major components,

we roughly divide them by the splitting rule

xi ∈

{

S
L, w

T
xi ≤ θ

S
R, w

T
xi > θ

(5)

into two Gaussian components qLθ (w
T
xi) ∼ N (wT

xi;u
L, σL)

and qRθ (wT
xi) ∼ N (wT

xi;u
R, σR). Hyper-parameters of

the model u, σ, uL, uR, σL, σR are obtained by the conventional

maximum-likelihood estimation. When the projected data have only

one major component, we take the following splitting rule,

xi ∈

{

S
L, |wT

xi − u| ≤ θ

S
R, |wT

xi − u| > θ
(6)
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Fig. 2. Splitting rule in a random projection tree.

and define two components as qLθ (w
T
xi) ∼ N (wT

xi;u
L, σL) and

qRθ (wT
xi) ∼ N (|wT

xi − u|;uR, σR).
Accordingly, we have

D = KL(p, q|S,w)−KL(p, qLR
θ |S,w)

= log σ −
|SL|

|S|
log σL −

|SR|

|S|
log σR + const. (7)

|S| stands for the number of samples in S. Since standard devi-

ation evaluates the dispersion of data around the mean, maximiz-

ing D is thus equivalent to find the direction and splitting threshold

that condense the projected data most. This refines the boundary

of low-dimensional manifolds in normal samples and maximizes the

marginal space between components for easier detection of outliers.

This is one of our major motivations of using random projection tree

for anomaly detection.

2.2. Density Estimation in Random Projection Forest

A major difficulty in random forest density estimation is the com-

putation of partition function at each node, which is easy to inte-

grate in axis-aligned projections but difficult in random projections

[8]. However, axis-aligned projection is not efficient in identifying

low-dimensional manifolds [10]. Methods in [8] thus cannot be ap-

plied. Activity classification in [11] also bases only on unlabelled

data to build random projection trees for describing the manifolds of

local features, but it requires labelled positive data for estimating the

likelihood of local features occurring in certain activities. Although

it avoids the direct computation of normalization constant, it is not

suitable to our problem where only unlabelled samples are available.

Random projection tree actually performs exploratory data anal-

ysis by iteratively narrowing the neighbourhood of a sample. Given

a forest of L trees where all trees have been fully grown to M lay-

ers, an input sample xi is fed into the root node of the l-th tree and

reaches the leaf node, where the set of nodes it visits is denoted by

vil = {vilm}. Instead of direct integration, we borrow the idea of

exploratory projection pursuit [12], and approximate the density of

a sample pl(xi) in the l-th tree as

pl(xi) ∝ N (xi;uvilM ,ΣvilM )

M−1
∏

m=1

pvilm(wT
xi) (8)

where N (xi;uvilM ,ΣvilM ) evaluates its density in the local clus-

ter at the leaf node, while pvilm(wT
xi) evaluates the relevant sig-

nificance of the sample in a wider neighbourhood before splitting
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Fig. 3. Density computation in a random projection tree.
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Fig. 4. The result of random-forest-based density estimation in two

synthesized datasets.

(Fig.3). The final density value of a given sample by a random for-

est is achieved by aggregating the estimated density values from all

trees. Different from general density estimation which relies the av-

eraging effects for improved robustness, we intend to highlight the

trees with low density values, as an anomaly does not need to be rare

in all directions. We thus adopt the geometrical mean instead of the

arithmetic mean in the aggregation process ,

p(xi) = L

√

√

√

√

L
∏

l=1

pl(xi) (9)

In Fig.4, we give the result of density estimation by using ran-

dom forests on two synthesized datasets, i.e., one distributed on a

sinuous curve and the other distributed as a two-component Gaus-

sian mixture model. Random forest is able to estimate the density

of a sample in such complicated distributions. In contrast to ker-

nel based density estimation where all sample data are required for

evaluating an incoming new sample, random forest significantly im-

proves the computational efficiency by hierarchically reorganizing

the data into a tree structure, which enables rapid localization of the

local neighbourhood of this sample.

2.3. Feature Extraction

Although feature extraction is essential, without the positive sam-

ples for training the anomaly detector, as did in many previous re-

searches, it is difficult for an unsupervised detector to automatically

select the most significant features. Furthermore, we mainly focus

on the behaviour and performance of the random projection forest

in anomaly detection. We thus empirically determine the features

for our tested public datasets in the present paper. Specifically, four

typical types of features are included:

1) The percentage of foreground pixels within a patch, extracted

by Gaussian Mixture Model (GMM) based foreground-background

separation [13], for measuring the object size;

Feature{xti}
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Fig. 5. Random projection forest in anomaly detection.

2) The averaged object motion, by optical flows computed with

the multi-scale Lucas-Kanade algorithm in OpenCV [14];

3) The average response of Gabor filters in different directions

for describing the texture appearance;

4) The XY positions of the central pixel, both rescaled to [0, 1],

for handling the positional dependency of anomalies.

Formally, we apply a grid of cell size N × N pixels to the t-th

frame for a dense sampling. For the i-th cell, we extract a 9-dim fea-

ture vector xti = [pXti , p
Y
ti , r

FG
ti ,mX

ti,m
Y
ti, g

0
◦

ti , g
45

◦

ti , g90
◦

ti , g135
◦

ti ],
where pXti and pYti are for the pixel position, rFGti denotes the ratio

of foreground pixels, mX

ti and mY

ti are averaged motion vectors in

horizontal and vertical directions, and g0
◦

ti , g
45

◦

ti , g90
◦

ti , g135
◦

ti are the

averaged responses of Gabor filters in four directions.

2.4. Anomaly Detection

The proposed anomaly detector has two working phases, as depicted

in Fig.5. In the training phase, we collect feature vectors at each

frame, and feed them into a randomly selected subset of random pro-

jection trees for growing tree nodes and updating their parameters.

In the testing phase, we compute the aggregated density of each fea-

ture vector and determine its abnormality by comparing the density

with a pre-defined threshold φ, i.e.,

a(xti) =

{

1, p(xti) ≤ φ

0, p(xti) > φ
(10)

Finally, a post-smoothing process is applied to the map of abnormal-

ity a(xti), so as to remove isolated anomaly pixels.

3. EXPERIMENTAL RESULTS

We evaluate the performance of the proposed method by using the

public UCSD Pedestrian dataset [15], which includes two datasets,

i.e., Ped 1 which includes 34 training clips with only normal activi-

ties and 36 testing clips containing anomalies with frame size being

238× 158 pixels, and Ped 2 which has 16 training clips and 12 test-

ing clips with frame size being 360 × 240 pixels. We use a forest

of L = 96 trees and the maximum layer of each tree is M = 8.

We adopt both frame level and pixel level accuracy for evaluating

anomaly detection and localization, respectively, as commonly used

in the literature[1][2]: In the frame-level criterion, we predict the

frames with anomalous pixels as positive detections and compare

them to frame-level ground-truth anomaly annotations to determine

the number of true- and false-positive frames. In the pixel-level cri-

terion, we consider pixel-level ground-truth anomaly annotations to

determine the number of true-positive and false-positive frames. A

frame is a true positive if 1) it is positive and 2) at least 40 percent of

its anomalous pixels are identified; a frame is a false positive if it is

negative and any of its pixels are predicated as anomalous. Besides

the true-positive rate(TPR) and false-positive rate(FPR), we also de-

fine the error rate (ER) as the percentage of misclassified frames.

We plot the frame-level and pixel-level TPR and ER against FPR

on both datasets in Fig.6(a) and (b), respectively. We also list in Ta-

ble 1 the equal error rate (EER) (ER value at FPR = 1−TPR) for

the frame-level criterion, or rate of detection (RD) (= 1 − EER),

for the pixel-level criterion, which clearly shows that the proposed
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Fig. 6. Performance of our method on UCSD Ped Datasets.

Table 1. Comparative Results on EER and RD.

Frame-level EER Pixel-level RD

Ped 1 Ped 2 Ped 1 Ped 2

Proposed 20.7% 12.3% 70.8% 71.2%
MDT-temp† 22.9% 27.9% 59.3% 56.8%
MDT-spat.† 43.8% 28.7% 50.8% 63.4%
MPPCA† 35.6% 35.8% 23.2% 22.4%

force flow† 36.5% 35.0% 40.9% 27.6%
LMH† 38.9% 45.8% 32.6% 22.4%

*Results of methods with † are quoted from [1].

method outperforms other listed methods on the same datasets. Note

that a frame will be identified as true positive when over 40% of the

ground-truth pixels are covered no matter how many other false pos-

itive pixels are included. This explains why the pixel-level error rate

decreases under a high false-positive rate. Thus although widely

used, the above pixel level criterion is not actually optimal for eval-

uating the pixel level accuracy.

Fig. 7. Examples of anomaly localization results.

As shown in Fig. 7, skates, bicycles, vehicles are correctly de-

tected from dataset as anomalies, which has clearly higher pixel-

level accuracy in locating anomalies compared to the results given

in [1]. The whole videos and more results are available in the sup-

plemental materials [16].

We list the computation time in Table.2, where the frame rates of

anomaly detection either with feature extraction or with pre-recorded

features are given. Clearly, anomaly detection itself is real-time,

while feature extraction is the bottleneck that prevents the whole sys-

tem from being real-time.

Several factors are considered to contribute to the above perfor-

Table 2. Computation cost of the proposed method.

UCSD Ped 1 UCSD Ped 2

Train Test Train Test

FPS (w. Fea. Ext.) 15.0 21.9 10.1 10.8

FPS (w. Rec. Fea.) 29.9 80.6 26.6 53.1

mance improvement in our proposed method:

1) Features and their relative significance are selected empiri-

cally as optimal for the UCSD dataset from various tested feature

formations with the same detector;

2) Foreground pre-filtering significantly alleviates the class-

imbalance problem by removing most negative samples from the

normal activities, and refines the boundary of abnormal objects;

3) Positional information is included in the feature vector, which

is able to describe both the place-independent anomalies (such as

an object with extremely fast speed) and place-dependent anoma-

lies (such as objects appearing in a prohibited region). Compared

to those methods that train one individual detector at each sampling

position [17], our method increases the number of training samples

for reliable computation of statistics by learning information implic-

itly from its neighboring positions. This is especially meaningful to

UCSD Ped2, which has almost no data available in the bottom area

of the video frame in its training dataset;

4) Detection is performed on features from each individual cell,

as most abnormal activities in the UCSD dataset are standalone ob-

jects, such as bicycles, vehicles or skates, where correlation among

objects is weak. Empirically, we notice that although a larger neigh-

bourhood in the temporal axis improves the performance slightly, a

wider spatial neighbourhood deteriorates the accuracy by reducing

the resolution of anomaly localization in the tested dataset;

5) The splitting rule in random projection tree is able to maxi-

mize the marginal space between normal samples for better outlier

detection as shown in Section 2.1. And the nature of exploratory data

analysis in a random projection tree is suitable to check the anomaly

that is only abnormal in certain aspects and provide an easily inter-

pretable reason for its decision;

6) It is not necessary for an anomalous sample to be outlier in all

projection directions or all trees, and simple arithmetic mean could

over-average the results. Both the projection pursuit-alike density

function in Eq. 8 and the aggregation rule in Eq. 9 can highlight the

nodes/trees with low-densities, by taking the production form.

In addition to the above mentioned advantages, random projec-

tion forest is efficient in computation as a hierarchical clustering

method, easily parallelizable as an ensemble learning framework,

and naturally scalable to large datasets with flexible updating meth-

ods in both node-level and tree-level adjustments. This makes ran-

dom projection forest especially suitable for practical applications

with large amount of data and frequently varying environments, and

will thus be used as the base for our future development towards an

online updatable anomaly detector.

4. CONCLUSION

In this paper, we presented a novel method for anomaly detection by

using the random projection forest for evaluating the rarity of events,

which has three major advantages: online adjustability that is impor-

tant in handling untrained anomalies; efficient estimation of rarity

owing to hierarchical clustering; and improved robustness against

under-fitting and over-fitting by aggregation. The performance of

the proposed method has been validated with public UCSD datasets.

In future, we plan to test our method on more datasets, and consider

the implementation of an online-version anomaly detector.
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